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Conclusions
The simulation study and analysis of real FRET data showed that the F test, the bootstrap procedure and the model selection method lead in general to similar conclusions, although AIC gave the best results when sample sizes were small, whereas the F test and the bootstrap method were more appropriate for large samples. In practice, all three methods are easy to use simultaneously and show consistency, facilitating conclusions on sample homogeneity.
Background
Oligomerization, the formation of a complex by two or more proteins, is a subset of protein-protein interactions that generates considerable functional diversity. It frequently operates in the transduction of signals that begin at the cell surface and continue to the nucleus, in pathways that participate in antigen receptor signaling, cytokine responses, regulation of gene transcription, and in so many other processes that it clearly constitutes a major mechanism in the regulation of cell responses.
The classical biochemical methods for monitoring these interactions include coimmunoprecipitation and western blot studies using untagged or tagged proteins, or crosslinking analysis, which uses solubilizing detergents and disrupted cells; both can introduce artifacts. Difficulty increases when we evaluate proteins with a complex structure at the cell membrane, such as the G protein-coupled receptors (GPCR). This protein family is characterized by seven α-helical domains that span the cell membrane, and is one of the most abundant in nature. It includes receptors for hormones, neurotransmitters, chemokines and calcium ions, among others, and is thus a focal point of the pharmaceutical industry's effort to develop antagonists for therapeutic use in man.
New methods based on resonance energy transfer (RET) are becoming widespread for the evaluation of protein-protein interactions in living cells. These techniques can also be used to define protein rearrangement, conformation dynamics or the role of ligand and receptor 4 levels, to screen for antagonists, and to study dimerization sites within the cell [1] . There are two main types of RET, fluorescence resonance energy transfer (FRET) and bioluminescence resonance energy transfer (BRET); in the former, the donor is a fluorescent protein that transfers energy to an acceptor fluorescent molecule and in the latter, the donor molecule is luminescent [2, 3] .
FRET is based on non-radiative energy transmission from a donor fluorophore to a nearby acceptor, without photon emission. Energy transfer depends on the overlap between the donor emission spectrum and acceptor absorption, on the distance between donor and acceptor (which must be in the 2-10 nm range), and requires correct orientation between donor and acceptor fluorophores [4, 5] . FRET determinations use the protein of interest fused to distinct spectral variants of the green fluorescent protein (GFP); the most commonly used variants are cyan (CFP) as donor and yellow (YFP) as acceptor [6, 7] .
Sensitized emission FRET allows measurement of energy transfer in reference to the acceptor-to-donor ratio to generate FRET saturation curves. These curves describe FRET efficiency as a function of the acceptor-to-donor ratio and are characterized by two important parameters. The first, B max (also frequently denoted FRET max ), is the (asymptotic) maximum of the curve. If energy transfer reaches saturation and the curve is hyperbolic, we define a second parameter, usually denoted K d or FRET 50 , that corresponds to the acceptor-to-donor ratio that yields half FRET max efficiency. The parameter K d allows estimation of the apparent affinity between the partners involved [8, 9] . Both parameters depend on the distance between donor and acceptor, and on their orientation in the complex; B max and K d are thus directly related to the energy transferred, and therefore to the number of protein complexes formed and/or to changes in complex conformations. Although here we have only considered FRET curves, the same analysis and conclusions are applicable to BRET titration. 5 B max and K d allow evaluation of oligomerization of two proteins (dimerization) in different experimental conditions. For example, they can be used to assess how the presence of a third coexpressed protein affects complex conformation. In practice, B max and K d are estimated using a statistical sample of points ) , (
, from the saturation curve. To avoid misunderstanding, we note that when we refer to "sample" in the statistical sense, we refer to that which in biology is termed a "saturation curve". To reduce the effect of sampling variability on the comparison of two distinct experimental conditions, several replications (or statistical samples) of the saturation curve are usually generated in each condition.
For this study, we used seven statistical samples ) , (
FRET saturation curve for CXCR4 dimers in living cells (Figure 1 ; see Results and
Discussion for more information on the data). CXCR4 is a chemokine receptor of the GPCR family, with key roles in homeostasis and pathology. Mice lacking CXCR4 die perinatally and have defects in vascular development, hematopoiesis and cardiogenesis [10] . CXCR4 is also implicated in cancer [11] , rheumatoid arthritis [12] and pulmonary fibrosis [13] ; finally, together with CCR5, CXCR4 is one the main coreceptors for HIV-1 infection [14] .
Statistical analysis is necessary to determine which samples are homogeneous, in the sense that they are extracted from the same underlying saturation curve (regression model). The homogeneous samples from each saturation curve will be those finally considered for comparison of distinct experimental conditions, e.g., alone or in the presence of an additional protein.
Our goal was to define a method for reliable comparison of protein dimerization before and after a specific change in experimental conditions (statistically also termed "treatments"). If there is only one version or statistical sample of each distinct experiment, it is reasonable to use any of the procedures (a t test, for instance) described by Motulsky & Christopoulos [15] .
In other cases, several statistical samples are obtained of the experiment before and after the 6 change, which gives rise to several estimated FRET curves in the two experimental conditions.
Curves in these two groups are sometimes naturally paired, for example, when dimerization is evaluated in the same group of cells before and after the change in experimental conditions. We then have I pairs of saturation curves, and a t test can be used to compare the components of each pair (for example, see [15] [16] [17] ). If the majority of the I p-values from the t tests is <0.05, the conclusion is that the effect of the treatment is statistically significant.
When the curves before and after the treatment are not paired, it is reasonable to focus first on each of the two samples of curves separately. A sample of I saturation curves represents I realizations in the same experimental conditions, which (intuitively) should correspond to observations of the same probability model. One possible procedure is to fit two randomeffects models, one to the experiment before the treatment and another to that after the treatment [15] . The realizations of the random effects in a specific model would account for the differences between versions of the same experiment (see [18] for the random-effects version of the Michaelis-Menten model (1), used to describe saturation curves). Although this idea is appealing, the appropriateness of fitting a random-effects model when the number of samples I is low (e.g., I = 3) is questionable.
Here we propose to verify, via a homogeneity test of hypotheses, which of the I realizations of an experiment can be accepted to come from the same Michaelis-Menten model. Statistical samples corresponding to homogeneous outcomes can then be pooled into a unique sample from the common underlying model. Once we have determined a homogeneous sample for each experiment (before and after the change), we can apply a t or an F test to determine whether there are differences due to the change in experimental conditions. For the homogeneity test, we consider two different testing procedures (an F test 7 and a resampling-based scheme) and compare their behavior via a simulation study and the analysis of real FRET data; in all cases, we also computed the Akaike information criterion (AIC) for the models implied by the null and alternative hypotheses. Although the theories underlying the information-theoretic approach and null-hypothesis testing differ [19] , the conclusions derived from all the approaches are in general the same.
Methods
Michaelis-Menten model
The saturation curve, that is, FRET efficiency (Y) as a function of the acceptor-to-donor ratio (X), is usually described via the nonlinear regression model of Michaelis-Menten [5, 15, 20 , 21]
where ε follows a standard normal distribution. Throughout this study, we estimate the 
is the residual sum of squares.
The homogeneity test for Michaelis-Menten curves
We have data ) , (
, is assumed to be observed from the model
where ε follows a standard normal distribution. 8 We wish to test whether the data from the I samples are observations from the same model of type (1) , that is, we are interested in the hypothesis test
are outcomes of the same experiment and can be pooled into a sample of size
to give a single estimation of 0
θ . This would be the desirable conclusion when the I samples are observed in the same experimental conditions (as in Figure 1 ). Since the data are observations of protein-protein interactions in live cells, however, it is frequent that, due to uncontrollable factors, at least one of the I statistical samples appears to be different from the majority (see, for example, sample 7 in Figure 1 ). As the final aim is to compare results in distinct experimental conditions, it is important first to decide which estimated saturation curves are homogeneous in the same experimental conditions.
Rejection regions
Let us first fix the following notation. Under We consider two possible ways of constructing a rejection region for the test (3); one is based on a bootstrap resampling scheme [22] and the other is derived from an F test.
Bootstrap rejection region
Let us consider the test statistic
proportional to the log-likelihood ratio. We reject 0 H when T > T 0;α , the ) 1
H . The value of T 0;α has been approximated via bootstrap, with the following algorithm: 
For every
ε follows a standard normal distribution. 
F test
There are several proposals of F test statistics in the nonlinear regression literature (see [21] for a review). To apply these ideas to our problem, we reparameterize the model given in (2) as follows. We consider the global vector of parameters )' , , ( We consider the test statistic
which, under 0 H in tests (3) or (5), follows approximately an
Consequently, we reject the null hypothesis of homogeneity when
Model selection
Between models (1) and (2), deciding which is the most appropriate to fit and analyze the information contained in the sample can also be viewed as a model selection problem [23] . In this case, we can use AIC to select the model best approximating the data [24] . The information criterion corresponding to the general model (2) (1) is better than (2). If Δ is large, then model (2) is to be preferred. We refer the reader to [19, 23] for more details on information criteria-based decisions.
We are aware that this information-theoretic paradigm and hypothesis testing are very different approaches to the problem at hand, and should not be mixed. We have nonetheless found that the AIC can serve to corroborate the decision of accepting or rejecting the homogeneity of Michaelis-Menten curves, especially in the analysis of real data. We consider 11 it interesting to focus on the problem from this point of view and to notice that, in this study, the information criterion and hypothesis testing lead to similar conclusions.
Results and Discussion
We compared the performance of the homogeneity testing procedures described above via a Monte Carlo study and analysis of FRET data obtained in the laboratory.
Simulations
We consider the homogeneity test (3) . In this subsection, we describe and interpret the results of a simulation study carried out to compare the power of the testing procedures introduced above. In all cases, the significance level is α = 0.05 and the number of Monte Carlo runs is 1000.
Let us first describe how the observations were generated. We fix the number I of samples whose homogeneity we want to test, the values of i n , Table 1 . In the second and third columns from the right, we record the proportion of times that 0 H is rejected using the bootstrap rejection region and the F test, respectively. The last column shows the proportion of times that the AIC difference, Δ, is greater than 2. In the Table 2 .
Simulation results on the proportion of 0 H rejections when the null hypothesis is false appear in Tables 2 and 3 . We compared I = 2 and I = 3 curves (see Tables 2 and 3, respectively), since the case I ≥ 4 involves choosing many different parameters, but does not provide any more useful information than I = 3. The sample sizes i n coincide with those of Table 1 . Here we only used σ = 0.01, as σ = 0.001 yielded a considerable number of (less interesting) cases in which the power was nearly 1. The value of the parameters i θ chosen for these simulations is in the neighborhood of those in Table 1 .
The simulation results in Tables 2 and 3 show that, for ; that is, for a small sample size. This is due to the facts that bootstrap is a resampling-based technique [22] and the F test statistic (6) 
FRET data
In this subsection, we study the homogeneity of the I = 7 FRET statistical samples in were measured in each detection channel (spectral signature), and normalized to the sum of the signal obtained for both channels [17, 26, 27] . The spectral signatures of CXCR4-CFP and CXCR4-YFP did not vary significantly (p >0.05) from the signatures determined for each fluorescent protein alone. For FRET quantitation, the spectral signature was taken into consideration for linear unmixing to separate the two emission spectra.
In each experimental condition, we thus measured FRET efficiency for multiple acceptorto-donor ratios that are obtained by maintaining a constant donor amount and increasing amounts of acceptor. To quantify acceptor-to-donor ratio, we first determined the total 
Statistical analysis
In each realization i in the same experimental conditions, we obtain a statistical sample
, where the response variable Y represents FRET efficiency and the explanatory variable x is the acceptor-to-donor ratio. Figure 1 shows I = 7 samples of the saturation curve corresponding to the experiment described above. In Table 4 , we summarize statistical information on the data. 15 We study the homogeneity of these samples via the three test procedures described (see
is highly sensitive to the presence of outliers, we used the ROUT outlier detection procedure [28] to identify and remove this type of data before further analysis. In Figure 2 , we show the estimated Michaelis-Menten curves for the samples in Figure 1 after removal of the outlying observations. We marked the values of i B max; and
, on the vertical and horizontal axes of Figure 2 , respectively.
The seventh curve clearly differs from the first six, which are almost identical to one another.
In effect, the bootstrap and the F test procedures reject the null hypothesis (3) The figure shows the estimated Michaelis-Menten curves for the data in Fig. 1 
